A new FIR filter is designed to date U.S. recessions with the unemployment rate and the Conference Board employment trend index. Our approach is simple but one can see from the curve the dynamic process how the economy moves from one business cycle to the next. We also present a new use of the HP filter and uncover some useful information about the relationships among the yield curve, the Wu-Xia shadow rate, and the unemployment rate. We argue that an assessment of the labor market, based on the level of the unemployment rate, can be very wrong for the business cycle oriented monetary policy.
Introduction
Different recessions may be caused by different shocks. That may be the main reason why it is still hard to predict recessions. Stock and Watson (2003a) in their conclusion of an analysis about the 2001 recession make a noted remark in this aspect: "Leo Tolstoy opened Anna Karenina by asserting, 'Happy families are all alike; every unhappy family is unhappy in its own way.' So too, it seems, with recessions." Beyond shocks, the economy always evolves across time. A lesson learned from one particular recession may not apply to any future recessions. Despite the difficulties, one cannot exclude the possibility some common cyclical behavior of these recessions does exist (Lucas 1977 ). The cyclical behavior may be generated endogenously by the fundamental news, not purely by exogenous shocks (Cochrane 1994) . It is, however, not easy to detect the flow of the fundamental news as pointed out by Cochrane (1994).
We document evidence that a uniform rule can be found to call a recession in real time by using the M-Coppock curves of the unemployment rate and the employment trend index, in a partial support to Cochrane (1994) . The unemployment rate is known to be a leading indicator around the economic peak but lags substantially around the economic troughs. But we will show that the M-Coppock curve peaks near all of the economic troughs of post WWII recessions. The reason why this is the case is the fact that we consider the changes in the level of the indicator, not the level itself. The M-Coppock curve reaches its peak or trough earlier than the related peak or trough of the original series. This lead in time is the basic idea behind the capability of the M-Coppock curve to call a recession in real time, even for the unemployment rate. We will see that even if the current unemployment rate in levels continues to fall, our M-Coppock curve has started to trend higher since October 2014, which indicates that the strenghth of the current labor market becomes gradually weaker, not stronger. An assessment based on the level of the unemployment rate can be wrong.
There are many papers that have used various econometric models to forecast recession-related economic activity. Chauvet and Piger (2008) , Chauvet and Potter (2005) , Estrella and Hardouvelis (1991), Estrella and Mishkin (1996) , Harvey (1988 Harvey ( , 1989 , and Stock and Waston (1989 , 1991 , 1993 , 2003a are just a few of good examples. See Hamilton (2010) , Stock and Waston (2003b) , and Wheelock and Wohar (2009) for a literature review. Berge (2014) and Fossati (2015) provide two latest studies, among many others. One important feature of the papers in the literature is to use financial variables or a combination of financial and macroeconomic factors to predict recessions.
In particular, the yield curve and leading indicators are often used to forecast the probability of a recession. The Markovian switching model in Hamilton (1989) is very popular, among others.
Some thresholds must be set priorly to determine if the economy is in a recession after a model has been estimated. These thresholds may be time-varying. Instability is always a concern because the economy may evolve structurally (see, e.g., Phelps 1999, Stock and Watson 2003b) and the shocks for a future recession may be totally different from todays'. For example, Watson (2003a, 2012) show that new shocks do often occur. Stock and Watson (2003b) provide a survey of a great number of papers regarding the predictability of outputs and inflation using interest rates, interest rate spread, returns, etc. A major problem in various models in the literature is that " [t] here is considerable instability in bivariate and trivariate predictive relations involving asset prices and other predictors" (Stock and Watson 2003b, p.823).
Our M-Coppock approach would alleviate the instability problem inherited in other studies. Because the M-Coppock curve just uses local information up to 18 periods, the underlying changes in the economic structures and the new shocks will be reflected in the curve but have no lasting memory beyond 18 periods. Thus, the monetary policy shock in the 1970s is not a part of the curve in the 2000s if the original series does not contain the shock in the 1970s. In a probabilistic model, as long as the estimated coefficients use the 1970s data, the shock will always be a part of the model in its forecasting even if the shocks that cause a later recession have nothing to do with the shocks in the 1970s.
Our M-Coppock curve may also provide a numerical measurement for the magnitude of a recession.
As the spike of the M-Coppock curve reflects the effect of a shock -new or old, on the economy, we can use the height of the spike as a measure for the magnitude of a recession. Thus, based on the M-Coppock curve, it is possible to know if one recession is worse than another.
Finally, as a demonstration of the usefulness of filters in economic research, we apply the wellknown HP filter to the yield curve in Estrella and Mishkin (1996) and Estrella and Trubin (2006) , and the shadow rate in Wu and Xia (2015) . We examine the relationships among the unemployment rate, the Wu-Xia shadow rate and the yield curve at the business cycle frequency (the results are   provided in Figures 6a, 6b, 7-12, as well as Table 9 ). Further more, we explain why the yield curve has predictive power while the level of the unemployment rate may not.
There are many filters available in the literature. The popular HP filter (Hodrick and Prescott 1997 ) is a moving average filter with weights that depend on a parameter λ and the whole sample.
The Baxter-King filter (Baxter and King 1995) is a bandpass filter using a finite period moving average with symmetric weights. There is no phase displacement of the Baxter and King filter.
Christianno-Fitzgerald (1999) random walk bandpass filter, like the HP filter, uses the whole series.
The Baxter-King filter loses K observations by each of the two ends. These filters are used to decompose a series into a trend and a cyclical component. The three part decomposition in King and Watson (1994) can be considered as a filter approach in the frequency domain. Our filter in this paper has a very different objective and it needs a phase displacement so that we can overcome the time lag in the unemployment rate. We use a moving average related to the latest 18 periods and lose 18 period obervations by the left end but do not lose any observations by the right. The rest paper is organized as follows. Section 2 introduces the M-Coppock curve filter. Section 3 presents the HP filter. Our presentation follows Emara and Ma (2014) and Ma, Tang, and Wang (2016). Section 4 presents our result about the unemployment rate. Section 4.1 is the result related to the Conference Board employment trend index. Section 5 discusses the relationship of the unemployment rate to the yield curve and the Wu-Xia shadow rate. Section 6 conlcudes. 6 
M-Coppock Curve
Edwin S.C. Coppock created the original Coppock curve, named after him and published by the Barron's Magazine on October 15, 1962 . It is an indicator to identify the turning point of a trend line of a monthly time series such as the monthly S&P 500 Index, using a 10-period weighted moving average (MA) of the sum of the 14-month rate of change and the 11-month rate of change.
We modify this curve as a 12-period moving average of the sum of one-period, three-period and six-period differences.
Let x(t) ∈ R T be a time series and L be the lag operator defined such that for any series x(t), Lx t = x t−1 and L 0 = 1, where T is the number of observations in a series. Then the M-Coppock curve y(t) of a time series x(t) is defined by, n = 12,
The M-Coppock curve is just a causal FIR (finite impulse-response) filter, a moving-average operator with ψ(L), a polynomial in the lag operator of the form with finite lags:
and ψ j = 0 for j = 6, 7, · · · , 11.
The success of our FIR filter to call recessions should leave the door open to design an "optimal"
FIR that can forecast recessions with the smallest error, using the NBER recessions as the reference dates, a direction of interest that can be pursued in the future. In this paper we just focus on ψ(L), with no intention for it to be optimal.
The gain |ψ(ω)| and phase displacement θ(ω) of the M-Coppock curve are obtained by, respectively,
and
where ψ j is given by (2) for j = 0, 1, · · · , 17 and ω ∈ [0, π]. Another important feature of the M-Coppock curve is that we can use y(t) to forecast x(t) by
These operations in (1) and (3) can be easily implemented in Matlab using the function filter by setting b = (ψ 0 , ψ 1 , · · · , ψ 17 ) and a = 1. To get x(t) from y(t), we just switch the positions of b and a.
The HP Filter
In this section we introduce the well-known HP filter (Hodrick and Prescott, 1997, and Kim et al., 2009 ). Given a series x(t), the HP filter chooses the trend estimate y(t) to minimize
As shown in Kim et al. (2009) , the objective (4) can be written in a matrix form as
where x, y ∈ R T and |u| is the Euclidean norm, and D ∈ R (T −2)×T is the second-order difference matrix given by
Entries in (6) , not shown, are equal to zeros. Thus, x = y + c, where y = (I + 2λD D) −1 x and c = x − y. y is a moving average of x with weights depending on λ and D in a subtle manner.
One problem associated with the use of the HP filter is that the cyclical component (x − y) is weak dependence and contains both a "genuine" cyclical component of the economy and a noise component. Too much useful information about the state of the economy after the use of the filter has been put into the noise component. Indeed, powerful low frequency components have been passed the filter into the cyclical component ( Figure 2 ). This is the part that has been thought to be driven by the Solow's residuals in the real business cycle literature. These low frequency components are often classified as the "spurious cycles". Because the filter only provides two part decompositions, the literature seems to suggest that these "spurious cycles" should be put into the secular trend in the vicinity of zero frequency. This suggestion is equally problematic because the low frequency components passing the filter have frequencies that appear to be too far away 
where, c(0) = x, and
Then, we can decompose {x t } into three parts, for a given integer k ≥ 1, 5 See Emara and Ma (2014) for a study how k is rightly chosen for different indicators.
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The Unemployment Rate
The unemployment rate is the percentage of people in the labor force without work and actively seeking work. It is a critical business cycle indicator that has been widely watched for the state of the economy. The following provides a summary of our best understanding about this indicator among economists:
The unemployment rate is a trendless indicator that moves in the opposite direction from most other cyclical indicators. [...]. The NBER business-cycle chronology considers economic activity, which grows along an upward trend. As a result, the unemployment rate often rises before the peak of economic activity, when activity is still rising but below its normal trend rate of increase. Thus, the unemployment rate is often a leading indicator of the business-cycle peak. [...]. On the other hand, the unemployment rate often continues to rise after activity has reached its trough. In this respect, the unemployment rate is a lagging indicator. (NBER Q&A). the two periods, which were caught by our filter. As a practical rule though, a recession call based on the M-Coppock curve may require the curve to cross the zero horizontal line with some strength and momentum; i.e., it may require the value of M-Coppock to be greater than certain value (0.2 for example). The dashed line represents the unemployment rates. As can be seen, the curve for the unemployment rate is much more volatile than the M-Coppock curve. Obviously, it is more difficult to directly use the unemployment rate without a filter to determine the beginning and ending of a recession.
There is also an asymmetry in the M-Coppock curve. The M-Coppock curve stays in the negative zone during an expansion and moves up and down within a narrow range. During a recession, it can climb up very quickly to form a sharp spike. These spikes are uneven, likely due to different shocks. Before it moves up sharply to the positive zone, it must make a turn in the negative zone, often far earlier than the time when a recession begins. In fact, we can see the dynamic process how the M-Coppock curve approaches the zero line from those critical turning points. This is why we say that the M-Coppock curve should be best used as an early warning system for monetary policy.
The time that the M-Coppock curve makes a turn cannot be easily seen from the level of the unemployment rate. For example, the unemployment rate in the U.S. economy continues to trend down at present but the M-Coppock curve has turned in October 2014 (Table 1) . Thus, we can use some uniform rules to call a recession in real time, a practice that cannot be done from the level of the unemployment rate. Our prediction of the peaks and the troughs has been given in Table   2 . The lead and lag discrepancies with respect to the NBER identified recessions are quite similar to what has been obtained by the probabilistic models in Hamilton (2010) and Chauvet and Piger (2008) . But, our M-Coppock curve is much simpler, accessible to the pulic without any help from professionals.
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The M-Coppock curve has some predictive power. For example, the M-Coppock curve stays in the negative zone right now but it has turned in October 2014 at -1.083 and been in an upward trend ever since then to reach the current reading at -0.625 (December 2015 in Table 2 ). This means that the labor market has gradually lost its strenghth since October 2014. Table 3 presents some projected scenarios about the unemployment rate and their M-Coppock curves. These projected cases do not mean to be accurate. They are used to show how the M-Coppock curve can be used to forecast recessions, given a forecasted unemployment rate. The five scenarios are based on the following assumptions:
• Scenario 1. Unemployment rate continues to decrease.
• Scenario 2. Unemployment rate starts to gradually increase to 5.10% by the end by the end of 2016 -the level experienced in August/September 2015.
• Scenario 3. Unemployment rate continues to decrease to the lowest level of 4.40% before the middle of 2016 and then increases 5.10% by the end of 2016.
• Scenario 4. Unemployment rate continues to decrease to the lowest level of 4.40% in the later part of 2016 and then increases gradually.
• 
The Employment Trend Index
The Bureau of Economic Analysis). Figure 4 provides the index and its M-Coppock curve. This time we observe that the M-Coppock curve penetrates the zero line each time from the positive to negative when the economy reaches its peak and then reaches its trough as the economic activity is also in the trough. This gives us the second method to call recessions in real time. Table 4 presents our recession calls in real time. Once again, the trough (or downward spike) in the M-Coppock curve can be used as a measure for the magnitude of a recession. In the Great Recession, the M-Coppock curve reaches -21.72 value, much worse than any others. It appears that our M-Coppock curve is the first filter that can provide a numerical measure for recessions. We also add the cyclical component of the index after using the HP filter once. As we can see from the graph, it is not easy to determine a uniform rule to call recessions based on the cyclical component of the HP filter.
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The Yield Curve and Shadow Rate
The yield curve has predictive power for economic activity. Indeed, the yield curve and the related term structures have been extensively studied in the literature. Estrella and Hardouvelis (1991) and Estrella and Mishkin (1996) provide probabilitic models to forecast real economic activity. The
Federal Reserve Bank of New York uses their approach to forecast the probability of a recession one year ahead. Harvey (1988 Harvey ( , 1989 ) make two seminal contributions in the use of the term structure to forecast growth in consumption and real economic activity. An important lesson from Harveys is that the term structure contains more reliable information about the underlying economy than the equity market, which is often thought to be a leading indicator. Wikipedia.org under the term "yield curve" discusses the relationship between the yield curve and the business cycle by stating that "[t]he slope of the yield curve is one of the most powerful predictors of future economic growth, inflation, and recessions[.]" with a citation to the work in Estrella and Mishkin (1996) .
More detailed discussions of the yield curve and its predictive power can be also found in Estrella and Trubin (2006).
Even though the unemployment rate is an equally important indicator for the business cycle, it receives much less attention than the yield curve. In particular, few economists would feel comfortable to use it as a leading indicator (Stock and Watson 1989) and it has been excluded in the leading indicator index from the Conference Board. People often see it as a lagging indicator.
That may be the reason why Hamilton (2010) felt it is not a reliable indicator to date recessions even if his model using the unemployment rate predicted the Great Recession. Therefore, it is of interest to know how the yield curve, the short-term rate, and the unemployment rate are actually related.
To understand these relationships better, we put the unemployment rate, the Wu-Xia shadow rate (Wu and Xia 2015) , and the yield curve together in Figure 5 . The Wu-Xia shadow rate is in particular important at present when the federal fund rate is near zero. From Figure 5 , we can see that the Wu-Xia shadow rate (in upside down), the yield curve and the unemployment rate all form a downward spike near the beginning of a recession and they tend to fall during economic expansions. Beyond these spikes, the Wu-Xia shadow rate and the yield curve turn to be much more volatile than the unemployment rate. It is hard to figure out how the three are related during the economic peaks and troughs from the levels of these rates. The major reason why economists recognize the predictive power of the yield curve, but not of the unemloyment rate or even of the Wu-Xia shadow rate, is that the unemployment rate and the Wu-Xia shadow rate are nonstationary (Table 6) , where their long run trends have contaminated their predictive power at the business cycle frequency. The yield curve, on the other hand, is a stationary process (Tables 6 and 7) . What we have done is to remove the long run trends in these series and uncover the genuine information they have at the business cycle frequency (Table 7) .
We use the HP filter technique introduced in
Our M-Coppock curve has predictive power because it uses the 12-period moving average of three differences in the unemployment rate so that the long run trend in the unemployment rate has been removed, which can be seen from (2) in Section 2.
The idea behind the design of the HP filter is to remove the trend from an I(1) series so that the series can be analyzed at the business cycle frequency, especially in the literature of the real business cycle. This idea, starting with Burns and Mitchell (1946) , is fundamental to the study of macroeconomic fluctuations. King and Watson (1994) decompose the series of the unemployment rate and the inflation rate into three parts and establish the Phillips curve by using the cyclical component. To find the close relationships among the three, we follow the lead of the literature.
We use the following procedure: A). We use the HP filter to remove the long run trends of the three series; b). We use various criteria for model specification as given in Table 8 , which shows that the optimal number of lags is four; C). Then we run the VAR model as follows
where
Here u, v and w denote the unemployment rate, the Wu-Xia shadow rate and the yield curve (or spread), respectively. D). We eliminate those lags that have multicollinearity with others; E). However, the model obtained in D) has a serial correlation. Thus, we use the Cochrane-Orcutt iterated procedure to estimate the coefficents again as follows
where X t has been identified in D), and
where ν t is Gaussian noise N (0, σ 2 ) of mean zero and constant variance.
Figures 7 and 8 report the results for the unemployment rate. Figures 9 to 12 display the results of the model for the Wu-Xia shadow rate and the yield curve. As can be seen from these figures, the model fits the data well (see Table 9 for detail). The residuals are shown in Figures 8, 10 and 12. We But, the way to look at them must be changed because their long run trends can mud the true value of these series for the study of the business cycle. Monetary policy that is based on these assessments can be very wrong.
Conclusions
This paper presents a simple M-Coppock curve to date recessions in real time. Our approach is simple. More importantly, one can directly watch the dynamic process how the economy moves from one business cycle to another by watching the time when the M-Coppock curve turns. These turns indicate the underlying forces in the economy are about to make a turn. Our curve as a filter is less volatile than the unemployment rate and removes the long run trend so that its predictive power at the business cycle frequency is uncovered. Our study indicates that the U.S. economy at the moment is in a process of losing its strenghth, an assessment that is not easy to obtain from the level of the unemployment rate. Our M-Coppock curve and the HP filter with a recursive use provide some new tools to uncover some important information behind the unemployment rate. A future study is to investigate how to use them in the study of productivity, profitability and other indicators. The scope of this paper is limited to the U.S. economy. We hope this filter is useful too for other economies.
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Note: The NBER mean delay for calling the peak equals 8. Figure 2 ). Such one quarter slowdown had been caught by our M-Coppock curve. The 1987 market crash and the 1997 asian financial crisis have also been reflected in the M-Coppock curve. It is our impression that there were always some shocks in the near future when the M-Coppock curve made a turn. The M-Coppock curve made a turn in October 2014 for the current economy, which may contribute to the current turmoil in the equity market. Note: Yield curve appears to be stationary while the other two are not. 54.06* 9 0 0.000* 0.620* 0.72* 0.88
Note: The optimal lag-order is four with the asterisk in the table. Note: First, the HP filter is used to remove the trends as in Table 7 . Second, we use model specification in Table 8 to identify lags. Third, we run VA(5) first and then eliminate those lags that have multicollinearity. Finally, we run the Cochrane-Orcutt iterated procedure with 12 lags.
